Spatial distribution of pore pressure change is the good information to know the effect of construction works on groundwater flow. It has been pointed that the pore pressure change at an arbitrary point can be well evaluated from the data measured at other points by using linear and non linear models. Furthermore, it has been clarified that soft computing techniques such as Artificial Neural Network (ANN) and Genetic Algorithm (GA) are the powerful tool to evaluate the parameters included in these models. In this paper, the change of pore pressure in the rock mass around the site of Mizunami underground research Laboratory (MIU) was analyzed by the linear model. GA was used for estimating parameters in the model. It was found that this technique can be used for the evaluation of spatial distribution of pore pressure change.
INTRODUCTION
Underground construction such as tunnel and shaft excavation causes the pore pressure change around the construction site. The pressure change induced will propagate to the surrounding environments. For the management of the effect of the construction on the groundwater flow, pore pressure has been commonly monitored at several points surrounding the construction site. It should be noted here that the pressure propagation is much influenced by the hydrogeology condition around the site. For example, under the same storativity condition, when the cut face of tunnel or the bottom of vertical shaft cuts a high permeable structure such as a big fracture or a geological layer, the effect is rapidly propagating through the structure. In this case, the pore pressure only in the vicinity of such structure can be rapidly changed. From this fact pore pressure change is not uniform around the site. It is important to evaluate the distribution of the pore pressure change for monitoring groundwater flow, especially, in a heterogeneous fractured rock mass.
Many researchers have studied the technique to evaluate the relation among pore pressure changes measured at several points by using soft computing techniques (black box models) such as the Artificial Neural Network (ANN), Genetic Algorithm (GA) and Fuzzy Logic (FZ). Daliakopoulos et al. 1) , Gautam et al.
2), 3) and Sohail et al. 4) reported that pore pressure change measured at a location can be simulated well from the data obtained at other locations by ANN and GA. Affandi et al. 5) studied the application of ANN, GA and Fuzzy Logic to the monitoring of ground water table change in plane area of Saitama prefecture and suburban area of Jakarta, Indonesia. On the basis of those studies, Mebruk et al. 6) proposed the GREY model for the monitoring of pore pressure change with combining Finite Element Method (FEM) and soft computing technique.
It has been clarified that the soft computing technique can well be applied for the analysis of pore pressure change and the management of groundwater flow. However, the problem is the accuracy of the analysis. Takeuchi et al. 7) observed the change pattern of pore pressure and concluded that the selection of the similar pattern of changes is very important for the analysis by soft computing. However, the selection is not so easy. For a fixed measurement point also pore pressure pattern is not stable and mixing of gently changed and highly fluctuated periods is observed. As a consequence selection of same pattern is not always possible. In this paper, the accuracy of the evaluation by using the different pattern was studied in detail. The pore pressure data measured in the site of the MIU was used in this study. GA was adapted in this research as a soft computing technique. Fig.1 schematically illustrates the construction of a vertical shaft and observation wells. Pressure sensors S i are installed at different depths of wells to monitor the pore pressure change. It was found that the pore pressure change P i (t) measured by the sensor S i can be estimated by the linear or non-linear function of P j (t) that are measured by the other sensors S j at different points. In this paper P i (t) and P j (t) are written as target and input pore pressure change respectively.
CONCEPT OF ANALYSIS
In the case of linear function, P i (t) can be simply written as;
where, α j are the weights and these values can be In this study, GA was adapted as a technique to estimate the optimized values with considering robustness and high conversion of this method. GA is a mathematical model inspired by natural genetics according to the Darwinian theory of evolution and used to solve complex optimization problems 8),9),10), 11) . In this model, the combination of weights is called as chromosome. At first, n initial chromosomes are generated and sent to the initial pool. Weights in every chromosome are given as random number. The CP i (t) that is the calculated pore pressure by equation 1, is compared with measured value MP i (t). The fitness between CP i (t) and MP i (t) is evaluated by some fitness values such as coefficient of determination (R 2 ), coefficient of efficiency (CE) and Normalized Root Mean Squared Error (NRMSE). When the fitness is not enough, new chromosome are created by the cross-over and the mutation procedures from a pairs of two initial chromosomes that are randomly selected from the pool and are sent to a new pool. After repetition of this process, the best chromosome fitting to the MP i (t) is found. The process is illustrated by Fig.2 . Parameters of GA such as the number of chromosome, cross-over probability, mutation probability, and so forth should be feed as the input. The effect of those parameters on the fitness should be investigated. The weights in linear equation are presenting the relation between a selected pressure change and pressure change at other sensors. By using this relation pore pressure values can be calculated at arbitrary point. However the calculated value may divert from measured one with the progress of construction. Especially, when the bottom of shaft cut a high permeable fracture as illustrated in Fig.3 , the relation may be much changed. For the reason, with monitoring the difference between calculated and measured data, special hydro-geological structure may be found. However, before developing the application, the accuracy of the analysis by GA must be studied in detail. The objective of this study is to make clear the accuracy of analysis.
DATA USED IN THE ANALYSIS
(1) Pore pressure monitoring at MIU. Fig.4 shows the location of MIU area. The planned depth of MIU is 1000 m. Until now, two vertical shafts of underground research laboratory have been excavated, however as of July, 2011 the excavated depths are only about 500m. The basement rock of this area is Cretaceous granite 2),6), 7) . This basement rock is covered by tertiary sedimentary layer. The thickness of sedimentary layer is over 100m. The hydraulic conductivity of sedimentary layer is about 4 orders smaller than in granite layer which ranges between 10 -5 and 10 -10 m/s (JNC 2001) 12) . Fig.5 schematically illustrates the vertical shafts and observation wells drilled for the pore pressure measurement around the shafts. Several pressure sensors are installed in each well. As presented in Fig.5 , one big fault (NNW-Fault) is running closely near these shafts. As pointed by Takeuchi et al. 7) , those pore pressure changes can be divided into three patterns. Fig.6(a) is classified as pattern 1 measured at shallow underground and the change is influenced by rain infiltration. Fig.6(b) shows the pattern 2 fluctuation. Pressure in this pattern is gradually and smoothly decreasing after the excavation. This pattern is observed in the sensors in low permeable sedimentary rock layer. Fig.6(c), (d) and (e) illustrate the pattern 3. Pore pressure in pattern 3 is influenced by the excavation works such as blasting, pumping and other human induced activities. Pattern 3 fluctuations are observed in granite and high permeable part near the bottom of sedimentary layer.
(3) Analysis of pore pressure change
In this study, the pore pressure change measured in the observation well ( Fig.6(d) , Sensor 1 and Fig.6(e) , Sensor 3) were selected as the target and tried to reconstruct and to predict it with using pore pressure data measured by other different pressure sensors as inputs. As shown in Fig.6(d) the target pore pressure change includes two different fluctuation patterns, one smoothly changing part (S-P) and other highly fluctuated part (F-P). The highly fluctuated part might be much influenced by the excavation works. The applicability of GA on these two different parts was studied.
ANALYTICAL RESULTS (1) Analytical cases
In this study, pore pressure data measured by 9 pressure sensors at different depths in 3 observation wells MSB-1, MSB-3 and DH-2 were used. Analytical cases are summarized in Table 2 . The study presents two types of data, daily data (Case-1~Case-5) and hourly data (Case-6~Case-8).
As above explained, pattern 3 fluctuation can be divided into two parts, S-P and F-P. Applicability of GA to those parts was investigated. Parameters in GA, such as the maximum number of iteration, number of chromosome in a pool, cross-over probability, mutation probability, etc. must be decided. Through repetitive test calculations with changing parameters, the parameter set presented in Table 3 was given in this study. Fig.7 illustrates the analytical results for training phase and prediction phase, respectively for Cases 1 to 3. From the inputs data displayed in Table 2 , only four DH-2 data were used in Case-1. Data of MSB-1 was added in Case-2; moreover, MSB-3 data was also added in Case-3. The fluctuation patterns of both phases are F-P (highly fluctuated part). Data obtained by sensor 1 in MSB-3 was trained. As displayed in Fig.7(a) , high frequency fluctuation observed in the last half part was not so well trained. The validation of parameter was fairly well as presented in Fig.7(b) . The difference among these three cases is not so clear. It can be said that four DH-2 data are enough for the analysis of MSB-3 fluctuation. This suggests that the fluctuations measured by sensors at DH-2 are similar to Sensor 1 in MSB-3 except for high frequency part.
Figs.8&9 displays the results for training phase and prediction phases, respectively. F-P pattern were selected for training phase and S-P were selected for prediction phase. In later case target was changed to DH-2(3) in contrast to other targets were all in MSB-3(1). It can be concluded from R 2 values presented in Table 4 that the fluctuations in both phases are fairly well reproduced (R 2 ≥0.8). Table- 4 summarized three fitness parameters R 2 , CE and RMSE for all Cases. It can be said that the analysis can be well performed with selecting proper inputs data and time interval of data.
CONCLUSION
Pore pressure fluctuation data obtained at the MIU was analyzed by the linear model to know the spatial distribution of pressure change. Parameters included in the model were estimated by using GA. The obtained results are as follows: (1) Pore pressure changes observed in this area can be classified into three patterns as typical fluctuation in Sedimentary and Granite formation.
(2) Pore pressure fluctuation in a pattern can also be divided into two parts; smoothly changing part (S-P) and highly fluctuated part (F-P). (3) It was found that the pore pressure change could be fairly well reproduced. (4) For the analysis of high frequency change, the short time interval data are more appropriate. (5) GA may be well used for the monitoring of pore pressure data.
